The energy conversion efficiencies among different sources of power split hybrid electric vehicle rely on the energy management strategy. In this paper, the energy management of a power split hybrid electric bus (HEB) is described as the predictive control problem based on the linear control-oriented model of the HEB. In order to ensure that the engine can output the desired power, the fuzzy PI controller, which can realize the optimal engine speed tracking, is further designed. Two real-world driving cycles are analyzed and formulated to evaluate the vehicle fuel economy under transient practical conditions. On this basis, the driver torque demand and vehicle velocity in the prediction horizon are derived with the stochastic one-step Markov chain. Finally, the hardware-in-the-loop (HIL) simulation platform is built to explore the validity of the controller. Compared with the adaptive equivalent fuel consumption minimization strategy, HIL test results demonstrate the real-time capability and benefits of the proposed approach in optimizing the energy management of HEB.
I. INTRODUCTION
Hybrid electric vehicles (HEVs) provides a good solution to energy crisis and environmental pollutions, especially the power split type whose 2-DOF power coupling device (usual planetary gear sets) allows casual engine operation. The power split hybrid powertrain are common in passenger vehicles, such as the Ford Fusion, GM Volt and Toyota Prius, but rarely reported in buses [1] . Hybrid electric bus (HEB) indeed plays an important role in the process of developing HEVs. Since the configuration with single-planetary gear set operates poorly for heavy loads, dual-planetary gear sets are more suitable for HEB powertrain [2] . Although the engine operation is decoupled from the wheel motions, the increasing engine flexibility leads to higher demand for the energy management design, which mainly deals with the steady energy distribution among different power sources. Only with elaborate energy management strategies can the energy conversion of power split HEB among different sources be greatly improved [3] .
Abundant studies about the energy management methods have been conducted, including rule-based and optimizationbased strategies. Rule-based strategy, independent of the plant model, is derived from heuristics and engineering expertise. It is easy to implement without a priori knowledge of the driving cycle, and the strategy is usually found in practical applications due to real-time capability. By introducing optimal algorithms, such as fuzzy and particle swarm algorithms, the switching thresholds can be further optimized to improve the fuel economy [4] , [5] . Nevertheless, rule-based strategy is sensitive to driving cycles, which leads to the poor generalization of predefined control parameters for other scenarios. Optimal control strategies that tend to obtain instantaneous or global solutions are often based on an adequately accurate and simple control-oriented model [6] . The instantaneous strategy can deal with the optimal energy distribution in real-time, such as the equivalent fuel consumption minimization strategy (ECMS) [7] , where the electrical energy is converted into relevant fuel flow rate to ensure the battery charge sustaining. Similar to the concept of ECMS, the optimal strategy guided by the Pontryagin's minimal principle (PMP) is also widely studied and applied [8] . In these methods, the equivalent factors and/or costate variables are closely related to driving conditions. Furthermore, different kinds of adaptive control methods are proposed to improve the robustness of such instantaneous strategies [9] . Instead of evaluating the objective function at each step, global optimization considers the minimization problem in the whole time history, resulting in the demand for a priori knowledge of the driving cycle and heavy computational burden. Therefore, global optimization strategy is difficult to implement in practical applications, but it proves to be excellent benchmark for other instantaneous solutions [10] .
As a compromise between the instantaneous and global solutions, model predictive control (MPC) optimizes the power split over a receding horizon. Incorporating future power demand into the control-oriented model, MPC is a good supervisory approach with advantage in dealing with nonlinear and constrained optimal problems [11] . The critical problems of MPC strategy design are the power demand prediction, establishment of the control-oriented model and the solving algorithm. Different levels of information access to the driving scenarios are evaluated and compared in [12] . The results indicate that a good prediction is quite important for the controller. The complexities of the control-oriented model and solving algorithm influence the accuracy and calculation quantity greatly. Different kinds of nonlinear algorithms concerning nonlinear dynamics of the model have been studied for the purpose of reducing fuel consumption and maintaining the battery charge sustaining, such as dynamic programming, continuous/GMRES, and so on [13] , [14] . Although nonlinear MPC strategy which is often used for nonlinear control-oriented models is capable of obtaining the near optimal solutions, its computational complexity may limit the practical applications. It is the real-time capability of supervisory methods that should be preferentially emphasized in practice. In consideration of this, Beck et al. [15] explored and compared two real-time strategies.
Inspired by studies on the powertrain configurations and energy management strategies, this paper investigates the application of MPC strategy in a power split HEB. The steady control-oriented model is built and linearized through Taylor expansion. Optimal engine speed and torque within the prediction horizon are derived using linear quadratic programming method. Besides, a fuzzy-PI controller is designed to ensure good engine speed tracking. Two real-world driving routes are analyzed and further used to predict the driver torque demand with Markov chain. In order to evaluate the controller performance, the dSPACE-based HIL platform is established. Comparative studies between the proposed MPC and an instantaneous A-ECMS based on the HIL platform are finally conducted.
The rest paper is organized as follows: simulation-oriented and control-oriented models of the HEB are built in Section 2, followed by the controller design in Section 3. Section 4 presents and analyzes two transient real-world driving cycles, on which basis the stochastic prediction method of the driver power demand is established. In Section 5, the HIL platform is built to validate the performance of the controller. Finally, conclusions are presented in Section 6.
II. MODELING OF THE POWER SPLIT HEB
The powertrain of the proposed power split HEB is shown in Fig. 1 , which consists of the engine, electric machines MG1 and MG2, locking and buffer mechanism and power split device (dual-planetary gear sets with PG1 and PG2), etc. In order to reflect the power coupling/split nature, it is necessary to establish the model for dynamic simulation. Nevertheless, dynamic model will make energy management strategy more complex when nonlinearities and additional dynamic states are introduced. The contradiction between model accuracy and controller computational burden usually drives the simplification of the model for easier controller design. Consequently, both simulation-oriented and controloriented models of the HEB are built. 
A. SIMULATION-ORIENTED MODEL
The torque and speed relations of the system are analyzed according to lever analogy [16] . All shafts are considered to be rigid without compliance and damping. With each of the planetary gear sets having two degrees of freedom (DOF), i.e., translational and rotational DOF, dynamic torque relations are established, as shown in Eqs.(1)∼(4), while the speed relations are depicted by Eqs.(5)∼(6).
where T S1 , T C1 and T R1 are the torque applied in the sun gear, carrier gear and ring gear of PG1; ω S1 , ω C1 and ω R1 VOLUME 6, 2018 are rotational speeds for each gears of PG1, while I S1 , I C1 and I R1 are relevant inertias. Similar definitions are also applied to PG2. T in denotes the internal torque between the ring gear of PG1 and the carrier gear of PG2. K 1 and K 2 are characteristic parameters of PG1 and PG2. Architectural constraints in the configuration that are heuristic to establish the speed and torque equations are helpful for depicting the system responses. The connection between the first ring gear and the second carrier gear ensure the same rotational speed of these two elements. Since the second ring gear is fixed, its speed is zero. Speeds of different gears are also related to the engine, electric machines and the output shaft due to their connections. Based on the equations and architectural constraints, the dynamic model for the engage/disengage states of the locking and buffer mechanism are written as, (7), as shown at the bottom of this page, where T E , T G and T M are the torque of different power source.I G , I E and I M are relevant inertias.I outt is given by
I fd and i d are the inertia and transmission ratio of the final drive; M is the mass of the vehicle; I w and R w are the inertia and radius of the wheel.
T C2 is the resistance torque of the vehicle, and is calculated as
where T brk is the friction torque; θ is the road slope; f is the coefficient of rolling resistance; A f is the vehicle frontal area; ρ air is the air density and C d is the air drag coefficient. Static look-up tables of engine and electric machines are applied. The data is provided by the China Automotive Technology and Research Center. The engine fuel consumption rate, described in g/s, is decided by the output torque at a certain speed based on bench test data. The engine fuel consumption map is shown in Fig. 2 .
where ψ is the empirical map for the engine fuel flow rate. Similar definitions are also applied to the efficiency of electrical machines MG1 and MG2. The motor efficiency is obtained on the basis of test data. ϕ G and ϕ M represent the empirical map of MG1 and MG2 efficiency, respectively.
The controller efficiency of MG1 is defined to be constant at 95%, while the controller efficiency of MG2 is 96% [17] . The constant efficiencies for the motor controllers can be included in the relevant electric machine, respectively. The variation characteristic of the battery, denoted by the state of charge (SOC), relies on the electric machines and accessories. Various modeling methods, including resistive-capacity model, Rint (internal resistance) model and neural network model, etc., have been proposed [18] . Among them, the most common form is
where the Rint modeling method is used. t b is the battery temperature; λ denotes the charging/discharging state of the battery, where different look-up tables of the battery resistance R int are used. The battery open-circuit voltage U oc shows nonlinear relations with the temperature and the battery SOC, while the battery capacity Q bat depends on the temperature. The Li-ion battery pack is selected as the electrical source. The battery power is
where P G and P M are the power of MG1 and MG2 supplied by the battery. They are related to the actual output power of the electric machine and the efficiency. P ACC , the power consumption of accessories, can be viewed as constant for the simplification of modeling because the consumption is very small compared to the vehicle driving power. When P bat >0, it means that the battery is discharging, and the contrary is the case.
B. CONTROL-ORIENTED MODEL
To simplify the controller design, small inertia losses within the system are ignored [19] . The model can be obtained for the static torque distribution among different power source. The engine doesn't provide the driving torque when the locking mechanism is engaged. The static relations with the system is described by
Otherwise, when the engine is engaged in the operation, the static torque relations are
Since the battery dynamics is slow [20] , constant values of the open-circuit voltage, resistance and temperature at the sampling time can be applied to reduce the computational burden of the battery dynamics
Theoretical expression of the fuel flow rate with respect to the torque and speed is explored, which is depicted by the polynomial equation.
Coefficients of the polynomial function can be obtained by fitting the bench test data. Fig. 3 indicates the quality of the approximation. It is apparent that the explicit polynomial function can be used to calculate the engine fuel consumption per unit time (g/s). It can be derived that the engine fuel consumption is approximately linear to the engine torque when the engine speed is fixed. The coefficients of this linear function between the engine fuel consumption and engine torque depends on the engine speed. Such linear relations are helpful to reduce the controller design difficulty and computational load.
III. OPTIMAL CONTROLLER DESIGN
For this power split HEB, when both MG1 and MG2 drive the vehicle, the locking mechanism is engaged to ensure 1-DOF of the system and the engine doesn't work. The optimal principle is that minimum electrical loss should be maintained, and the torque relations within the system is depicted by Eq. (14) . However, for other cases, the locking mechanism is disengaged and a unified control-oriented model can be used, even when the vehicle stops. When the engine is shut down, its speed is controlled to be zero.
When the locking mechanism is disengaged, the engine speed is generally regulated by MG1. Thus, the optimal controller is designed and shown in Fig. 4 . The MPC controller, which applies quadratic programming (QP) method based on the prediction model, certain objective functions and operation constraints, is used to determine the optimal engine operation point. Static torque of MG1 and MG2 are further obtained in the static torque distribution module, where the static toque of MG2 can be directly applied to the powertrain. However, the static torque of MG1 T Gstat alone can't ensure the engine speed tracking. An additional dynamic compensation torque T G needs to be calculated. The desired MG1 torque is the summation of the static torque and dynamic compensation torque.
A. MODEL PREDICTIVE CONTROLLER
Fuel economy of hybrid electric vehicles is usually featured by the engine fuel consumption and the usage of electrical energy. Assessment of the usage of electrical energy should be conducted by the variation of the battery, where the SOC at two time points are compared. The best operation result of HEV energy management is that the final SOC is equal to the initial value. This exact condition can be maintained with global optimization algorithm, such as backward recurrence dynamic programming method [21] . In practical optimization, the SOC constraint is taken into account to ensure the charging sustainability.
where SOC ini and SOC fin are the battery state of charge at the initial and final stage of the cycle, respectively. When SOC = 0, it means that the battery is a power regulator with all energy provided by the engine. Consequently, the VOLUME 6, 2018 optimization of energy distribution is described as
where the time continuous driving cycle is divided into discrete N steps; SOC lim is selected to maintain the battery sustaining. Nevertheless, the constraint SOC is difficult to deal with because SOC fin is hard to obtain and predict. Therefore, the difference between the current SOC and the initial value is introduced into the objective function, as shown by
where L C and L E are the cost of the fuel consumption and battery SOC error, respectively; x and u denote the state and control vectors; t is the time step; r SOC and r f are weighting factors for the battery SOC and fuel consumption; SOC ref is the reference value.
The engine torque and speed are obtained by solving the optimal constrained problem. Model predictive control (MPC) method, which has been successfully used in chemistry, petrol and aerospace industry, is superior in dealing with multi-input multi-output constrained problems [22] . Both engine fuel consumption and the variation of the battery SOC demonstrate nonlinear dynamics. By linearizing the control-oriented model, linear quadratic programming can be used to accelerate the solving speed. The simplified control-oriented battery model is analyzed, where the battery power is approximated to be
The battery nonlinear dynamics is described as
As for the nonlinear engine fuel consumption, it is linearized as shown by Eq. (17) . Therefore, the linear controloriented model is described by
where the state variable is the battery SOC; the control variables are the engine torque and speed; the output variables include the battery SOC and the engine fuel consumption rate; v is the measured disturbance, which includes the driving cycle and the required torque of the driver. The coefficients of the state space matrix are derived with Taylor expansion at the current state.
In the prediction horizon, the output sequences can be derived with the state-space equation, as described by
Derivations of the coefficients t , υ t , ω t , t , and t which can be inferred in [23] are not described in detail in this paper for brevity. U(k − 1) is the control increment vector in the prediction horizon, while V(k) is the measured disturbance vector. Then, the objective can be depicted as quadratic form for the application of linear quadratic programming. In the converted objective function, a soft factor ε is added in case of no possible solutions.
where (27) where Y ref is the reference vector of outputs; Q and R are matrixes of weighing factors; ρ is the penalty weight of the relaxation factor. It is worth to mention that P T is a constant for the current sampling time. The optimal problem is
subject to
where U * and ε * are the optimal sequence of the control increment and the relaxation factor, respectively; Y cmax and Y cmin are the boundaries of hard constraint outputs, while Y scmax and Y scmin are the limits of soft constraint outputs. Quadratic programming (QP), which is a kind of mature programming method, is used to derive the optimal increment sequence µ * . Then, the first control increment of the increment sequence is used to derive the optimal control input.
where u * (k) is the first control increment of the optimal increment sequence at time k.
B. ENGINE SPEED TRACKING
Static torques of MG1 and MG2 can be acquired with controloriented torque relations. In the forward simulation, dynamic compensation torque of MG1 is necessary to ensure that the engine output the optimal power with ideal speed tracking, which is calculated through the PI algorithm. The fuzzy controller is utilized to ensure the optimal engine speed tracking in a wide region by adjusting the PI control parameters [24] , [25] . The schematic diagram is shown in Fig. 5 . Tables 1 and 2 .
IV. POWER DEMAND PREDICTION
Predicting future measured disturbance with the current information, such as the speed, torque and power demand, are critical to the controller design. Different prediction strategies have been researched, such as exponentially prediction rules, the prediction strategies based on artificial NN and Markov chain [26] . The accuracies of the latter two strategies rely on the sample of the driving conditions. The vehicle driving cycles can be mainly classified into transient type and modal type according to the cycle constitution. The transient type represents the practical cycle, while the modal type denotes the synthetic cycle based on numerous static data and it is decided through statistic analysis, such as the China Transit Bus City Driving Cycle (CTBCDC) [27] . To evaluate the driving power demand and fuel economy of the HEB for transient driving scenarios, two real-world driving routes are selected. One of the routes shows high vehicle density while the other one is opposite. The velocity profiles of the two driving cycles are shown in Figs. 6.
Characteristic parameters of the sampled two cycles and CTBCDC are illustrated in Table 3 . It can be seen that the proportion of idling time for route A is much larger than that of route B because of large traffic flow in rush hours. Besides, in the real-world driving cycles, the acceleration is larger which depends on the driver behaviors when collecting the data. In our study, the observable driver torque is chosen to be predicted in the limited horizon. There are no hidden states. Therefore, the one-step Markov chain model is used to predict the driver torque demand based on the database of different driving cycles [26] , [28] . The transition probability of the driver torque from the current moment to the next one is defined as P ij (1) .
where Pr() denotes the conditional probability; X k and X k+1 are the states of the current and next moments, respectively. The next driver torque demand is only related to the current value. Positive driving torque is discretized into N T elements between the maximum and minimum values.
By counting the transition frequency of the current torque demand to the next one and the torque transition numbers for the current state, the one-step transition matrix P(1) is acquired. The transition probability from the current driver torque demand to the next torque demand for CTBCDC and the combination cycles of route A and route B are shown in Fig. 7 , where the summation of all the transition probabilities for each current torque equals 1. It is obvious that the transition probabilities of the modal type CTBCDC mainly lie along the catercorner, while those of the real-world driving cycles show strong random distribution characteristics. To ensure an enough accurate torque transition model, the sampling time must be maintained. Otherwise, the transition probabilities will mainly distribute along the catercorner, and the characteristic of the driver scenarios can't be well described.
where
The transition probability matrix is used to predict the torque demand sequence in the receding way using maximum likelihood method. On this basis, the vehicle velocity sequence is acquired by referring to the solving method in ADVISOR: The average speed v avg for the current time step is firstly derived with the vehicle longitudinal dynamics; then, the velocity for the next moment is calculated according to the current velocity v cur and v avg , as detailed by
V. HIL SIMULATION ANALYSIS A. DEVELOPMENT OF THE HIL PLATFORM
The proposed optimal controller is difficult to implement in practical vehicle without iterative efforts in debugging and calibration. Before the application in a practical vehicle, the controller can be validated via the hardware-in-the-loop (HIL) simulation, which plays a significant role in the controller development and verification [29] .
The HIL platform, which is based on the powerful dSPACE real-time simulator and the verified model, is shown in Fig. 8 Fig. 9 clearly indicates the control commands and sampled signals required to realize the optimal energy management. The designed optimal controller is compared with another controller which also realizes instantaneous optimization and is obtained with the adaptive-ECMS [30] . In the controller, the equivalence factor is corrected by the battery SOC to improve the robustness of battery charging sustaining performance for different driving scenarios. The criterionṁ f _total iṡ
whereṁ eng is the engine fuel consumption rate at each constant;ṁ Batt is the battery equivalent fuel consumption rate; η bat represents the battery charging or discharging efficiency; Q lhv is the low calorific value of gasoline; f pen is the correction function.
In Eq. (37), s f is the controllable equivalent factor, which is adjusted through fixed frequency updating. The updating method is
where s k−1 , s k , s k+1 represent the equivalent factor value of number k-1, k, k + 1, C p is correction factor.
B. RESULTS AND ANALYSIS
Simulation analysis is conducted under different driving cycles. The prediction Np and control horizon Nc are 10 and 8, respectively. In the HIL simulation, the step time is set to be 0.1s, which is enough to evaluate the performance of energy management strategy. In order to avoid large computational burden and fully take advantage of the MPC controller, the step time for the prediction is chosen as 1s. The weight factor of the fuel consumption is 1, while that of the battery SOC is 500. The reference SOC value is chosen to be 0.55, which is the same as the initial value. Parameters of the powertrain are illustrated in Table 4 , and the specifications of the vehicle are shown in Table 5 . Simulation results of CTBCDC and Route B are illustrated in Figs. 10 and 11, respectively. As shown by the small velocity tracking errors in Figs. 10(a) and 11(a), the vehicle can track the reference velocity well under the selected driving scenarios with both strategies. Besides, the tracking performance under transient driving cycles is a little worse than the performance under modal type cycles due to frequent and fast acceleration variations. From Figs. 10(a) and 11(a), it can be seen that the battery SOC demonstrates large fluctuations with A-ECMS. It is because that the battery sustaining is only controlled by equating the electrical energy to fuel flow rate at each moment instead of in a time horizon. Compared with A-ECMS, the proposed MPC strategy maintains better battery charging sustaining for both driving cycles. The battery SOC fluctuation is limited around the reference value. It also ensures high efficiency of the battery around the reference value because of low charging and discharging resistance.
As shown by the responses of the engine and electric machines, all components operate within their limits. However, when A-ECMS is applied, there is more rest time for the engine. The optimal control sequence of MPC strategy is derived for each horizon, while only the first control variable is applied which may not be zero. Consequently, this may lead to more operation of the engine. More frequent operation of the engine also ensures smaller fluctuation of the battery SOC compared with the result with A-ECMS. From the power figures of MG1 and MG2, it is obvious that MG2 either drives the vehicle or recycles recuperation energy, while MG1 mainly operates as a generator. Since the output power of MG1 is negative, there is no circulating power within the power coupling configuration except some positive power pulses of MG1 caused by the dynamic torque requirement in regulating the engine speed. The powertrain operates reasonably. When the power of MG2 is negative and meanwhile the power of MG1 is positive during vehicle driving, power circulates within the power coupling configuration. For this case, the powertrain efficiency is reduced [31] . It should be avoided.
When the engine is shut off, the engine speed is controlled to be zero, as shown by the engine speed figures. It validates the effectiveness of the fuzzy-PI speed regulator. By referring to the power figure of MG1, it is observed that the MG1 output power is nearly zero when regulating the engine speed.
In comparison with the results under CTBCDC, the engine and electric machines start and stop more frequently under Route B because of plenty of slight accelerations and decelerations that are closely related to the intricate environment and driver behavior. In practical applications, frequent engine start/stop will cause longitudinal shock due to the engine transient characteristics. In the following study, the engine start/stop strategies can be further improved to avoid engine flameout for small decelerations and meet the braking requirements.
Accumulated energy consumption of the engine and battery under CTBCDC and Route B with different strategies are shown in Fig. 12 . Due to the longer distance and higher average velocity, the engine energy consumption under Route B is higher than the value under CTBCDC. The engine energy consumption under CTBCDC with MPC strategy is a little larger than the result with A-ECMS. The battery energy consumption is negative with MPC strategy, which means that the battery is charged. Since the operation efficiencies of electric machines are much larger than the efficiency of the engine, the MPC strategy may demonstrate better control effects. Similar results are also applied to the engine and battery energy consumptions of Route B.
In order to better evaluate the fuel economy of the power split HEV, the equivalent fuel consumption of the vehicle is calculated.
where m fuel is the total engine fuel consumption; m bat is the equivalent fuel consumption with respect to the difference between the battery SOC initial value SOC ini and the final value SOC fin ; H lhv is the fuel low heating value; η eng and η ele are the average efficiency of the engine and the electric machine; Q equ is the equivalent fuel consumption of the vehicle; S is the distance of the cycle and ρ fuel is the fuel density.
The engine fuel consumption, the variation of the battery SOC and the equivalent fuel consumption of the vehicle is given in Table 6 . Apart from the CTBCDC, Routes A and B, simulation results under some other driving cycles are listed, including the WLTC (Worldwide harmonized Light vehicles Test Procedure) for Class 1 vehicle, the MAN (Manhattan Bus Cycle) and the OCC (Orange County Bus Cycle). Their velocity profiles are shown in Fig. 13 . All of them are wellknown test cycles for heavy-duty vehicles that can be used to evaluate the fuel economy and emissions of buses [32] . As illustrated by Table 6 , A-ECMS maintains the battery SOC under different driving cycles well by introducing the adaptive equivalence factor, but still worse than the control effects with the proposed MPC strategy. The battery sustaining is even exactly maintained under Route A with MPC. For CTBCDC, the engine fuel consumption with A-ECMS is 16.10 L/100km, which is less than the 21.50 L/100km with MPC strategy. However, the battery also discharges greatly with A-ECMS. The SOC is reduced by 0.028, while that with MPC is increased by 0.009. As a result, in terms of equivalent fuel economy accounting for the impact of battery charging and discharging, MPC demonstrates better effect under CTBCDC, whose equivalent fuel consumption is reduced by 8.42% compared with the value with A-ECMS. Under real-world driving cycles, the proposed MPC strategy also ensures better equivalent fuel economy. Compared with VOLUME 6, 2018 the results of instantaneous A-ECMS, the equivalent fuel consumption under Route A, Route B, WLTC, MAN and OCC are reduced by 4.67%, 6.51%, 7.21%, 5.58% and 6.11% when applying the designed MPC method, respectively. Superior performance of the MPC strategy in maintaining the battery charging sustaining and improving equivalent fuel economy is validated.
VI. CONCLUSIONS
Both simulation-oriented dynamic model and controloriented static model of a novel HEB are established. The MPC strategy, capable of dealing with nonlinear and constrained problems, is designed to optimize the energy distribution among different power sources with the weighted sum of the engine fuel consumption and the variation of the battery SOC being objective function. In consideration of the trade-off between the computational complexity and solving accuracy, the control-oriented model is linearized through Taylor expansion. In this way, linear quadratic programming is utilized to obtain the optimal sequence. In order to evaluate the performance of the designed controller for practical transient driving cycles, two real-world driving routes are selected. Based on the database of the sampled routes and the modal type cycle CTBCDC, the prediction methods of the driver torque demand and vehicle velocity are proposed using one-step Markov chain.
Due to the decouple of the engine speed and wheel speed, the fuzzy-PI controller is designed for ideal engine speed tracking, where the MG1 dynamic torque is obtained by the PI regulator and the proportional and integral coefficients are corrected by the fuzzy controller. The HIL platform is built to verify the real-time capability and control effects of the controller. Results of HIL simulation validate the controller real-time performance. Compared with the instantaneous A-ECMS strategy, the MPC strategy demonstrates advantages in maintaining the battery charging sustainability. The improvements in equivalent fuel economy with MPC strategy are up to 8.42%, 4.67%, 6.51%, 7.21%, 5.58% and 6.11% under CTBCDC, Route A, Route B, WLTC, MAN and OCC, respectively. Commendable benefits of the MPC strategy are highlighted. 
